Abstract: The process of secondary succession is one of the most significant threats to non-forest (natural and semi-natural open) Natura 2000 habitats in Poland; shrub and tree encroachment taking place on abandoned, low productive agricultural areas, historically used as pastures or meadows, leads to changes to the composition of species and biodiversity loss, and results in landscape transformations. There is a perceived need to create a methodology for the monitoring of vegetation succession by airborne remote sensing, both from quantitative (area, volume) and qualitative (plant species) perspectives. This is likely to become a very important issue for the effective protection of natural and semi-natural habitats and to advance conservation planning. A key variable to be established when implementing a qualitative approach is the remote sensing data acquisition date, which determines the developmental stage of trees and shrubs forming the succession process. It is essential to choose the optimal date on which the spectral and geometrical characteristics of the species are as different from each other as possible. As part of the research presented here, we compare classifications based on remote sensing data acquired during three different parts of the growing season (spring, summer and autumn) for five study areas. The remote sensing data used include high-resolution hyperspectral imagery and LiDAR (Light Detection and Ranging) data acquired simultaneously from a common aerial platform. Classifications are done using the random forest algorithm, and the set of features to be classified is determined by a recursive feature elimination procedure. The results show that the time of remote sensing data acquisition influences the possibility of differentiating succession species. This was demonstrated by significant differences in the spatial extent of species, which ranged from 33.2% to 56.2% when comparing pairs of maps, and differences in classification accuracies, which when expressed in values of Cohen's Kappa reached~0.2. For most of the analysed species, the spring and autumn dates turned out to be slightly more favourable than the summer one. However, the final recommendation for the data acquisition time should take into consideration the phenological cycle of deciduous species present within the research area and the abiotic conditions.
Introduction
We are currently witnessing a loss of biodiversity, which has profound consequences for the natural world and for human well-being. The main causes of this loss are changes to natural habitats due to intensive agricultural production systems; construction; quarrying; the overexploitation of forests, oceans, rivers, lakes and soils; invasive alien species; pollution; and, increasingly, global climate change [1] [2] [3] . The preservation of natural biodiversity has been one of the priorities of environmental policy in Europe for many years [1, 4] . The EU Biodiversity Strategy to 2020 is fully in line with the UN Convention on Biological Diversity, the most important global biodiversity policy dedicated to halting the loss of biodiversity and the loss of ecosystem services by 2020. The Strategy addresses nature (target 1), ecosystems and their restoration (target 2), the sustainable use of Europe's nature, land and sea resources via agriculture, forestry and fisheries (targets 3 and 4), the problem of alien species (target 5) and the EU's global impacts (target 6) [1]. The EU nature protection policy is based on two main legal acts: The Birds Directive and the Habitats Directive. These form the basis for the operation of the Natura 2000 network, a network of protected areas to safeguard the species and habitats of highest interest within Europe.
Each EU Member State is obliged to monitor the condition of natural habitats in Natura 2000 areas, and if a threat is found, to take measures to counteract the deterioration of habitat status. The monitoring methods currently used are based on an expert approach, which is characterised by a high level of subjectivity and is a time-consuming process. A possible alternative to this expert approach is remote sensing. As previous research studies show, it can be used to identify natural habitats [5] [6] [7] [8] [9] , to map and assess their conservation status [8, 10, 11] , and to identify their threats by monitoring invasive and expansive plants [12] [13] [14] [15] , secondary succession [16] [17] [18] and desiccation [19] [20] [21] . In order to make use of remote sensing methods for monitoring individual habitats and their threats as efficiently as possible, it is necessary to define requirements (including the most suitable dates for acquiring remote sensing data) and to identify limitations resulting from its use in various habitats. The HabitARS project is "An innovative approach supporting the monitoring of non-forest Natura 2000 habitats, using remote sensing methods". Within its framework, actions have been taken to develop guidelines on the methodology for identifying-with the use of remote sensing techniques-natural and semi-natural open Natura 2000 habitats (i.e., alkaline fens, European dry heaths, semi-natural dry grasslands, species-rich Nardus grasslands, Molinia meadows, transition mires and quaking bogs) and the threats to them, such as desiccation, encroachment of invasive and expansive plants and succession of trees and shrubs. The last of the above-mentioned threats is the subject of the research presented here.
The process of secondary succession is one of the most significant threats to non-forest Natura 2000 habitats in Poland. These are natural habitats listed in Annex II of the Habitats Directive, which form plant communities, naturally developed (e.g., wetlands) or as a result of human activity (e.g., meadows), in which the vegetation structure does not contain woody species. Shrub and trees encroachment taking place on abandoned, poorly productive agricultural areas, historically used as pastures or hay meadows, leads to compositional changes in species (e.g., disappearance of photophilous species) and biodiversity loss (e.g., disappearance of avifauna, herpetofauna or entomofauna species, associated with open habitats), and results in landscape transformations [22] [23] [24] . The main factor allowing the maintenance of valuable semi-natural, open ecosystems in Poland is regular, extensive mowing or grazing. Annual mowing and harvesting of biomass as well as grazing reduce the spread of trees and shrubs. Due to cessation of use, the process of secondary succession is initiated and leads to the formation of forest and shrub communities. In Poland, during the political transformation (1989) and the resulting changes in the economy, in many regions of the country land abandonment occurred, which contributed to overgrowing with trees and shrubs of previously used agricultural plots. Currently, the decline in the use of agricultural plots initiating succession occurs to a lesser extent and is associated with demographic processes. In the case of wetland habitats, the permanent limiting moisture content is a factor limiting succession towards forest and shrub communities. In the situation of desiccation of wetlands, favourable conditions for the development of shrub communities Remote Sens. 2019, 11, 2629 3 of 36 and then of the forest are formed [25] [26] [27] . Depending on the habitat, different species have successive tendencies. The main succession species in non-forest habitats in Poland are Alnus glutinosa (L.) Gaertn., Betula pubescens Ehrh., Betula pendula Roth, Crataegus spp., Cornus sanguinea L., Juniperus communis L., Prunus serotina Ehrh., Pinus sylvestris L., Populus tremula L., Prunus spinosa L., Rhamnus cathartica L., Salix cinerea L. and Salix rosmarinifolia L. [28] [29] [30] . However, not all of these species pose the same level of threat, and some of them are more expansive than others, depending on the habitat type analysed. Information about the distribution of dominant species is therefore needed in order to plan appropriate protection measures. As the phenology of various succession species differs, the optimal date for their differentiation, and consequently the acquisition of remote sensing data, needs to be determined.
For years, many scientists throughout the world, and especially those dealing with forestry, have undertaken research work on delineating various forest types or stands e.g., [31] [32] [33] and tree species e.g., [34] [35] [36] [37] [38] [39] [40] [41] [42] [43] [44] [45] [46] [47] . The mapping of urban tree species has also been a widely studied research topic in the last decade e.g., [48] [49] [50] [51] [52] [53] [54] . A wide review of studies on the classification of tree species from remotely sensed data was presented by Fassnacht et al. [55] and demonstrated that the number of studies focusing on the classification of tree species has been constantly increasing over the last four decades. In a summary of their review, Fassnacht et al. [55] found that passive optical systems, and especially hyperspectral systems, generally showed higher potential for the classification of tree species than active SAR or LiDAR (Light Detection and Ranging) sensor systems, as they enabled to obtain similar accuracies but for a higher number of tree species. In recent years, many studies have also examined the use of combination of LiDAR and hyperspectral data for identification of tree species [36, 45, 46, 48, 51, 54, 56] . The accuracy of tree species classification reported by different researchers varies. Depending on the date of remote sensing data acquisition, Voss and Sugumaran [40] obtained an overall accuracy of around 56-57% for seven tree species using both hyperspectral and LiDAR data, and 45-48% using only hyperspectral data. Zhang and Qiu [51] achieved a total accuracy of classification of 68.8% for 20 tree species. Alonzo et al. [52] obtained an overall classification accuracy of 79.2% for hyperspectral data analysis, 32.9% for LiDAR data classification, and 83.4% based on a fusion of both data sets. Dalponte et al. [36] also showed that the best accuracy of species classification was obtained when hyperspectral data were combined with variables obtained from LiDAR data. The information about the geometry of research objects derived from LiDAR relate to the structure of vegetation, branching and foliage [57, 58] , and support the delimitation of individual tree species.
Another trend in research in the field of tree species discrimination is multi-temporal data analysis. The number of studies on this topic has increased due to the free provision of LANDSAT satellite images and the launch of new satellites in the European Sentinel series e.g., [40, 47, [59] [60] [61] . The use of multi-temporal data allows researchers to take advantage of the spectral variability of individual species in different phenological periods, and thus supports the successful separation of tree species using multispectral or hyperspectral data sets (e.g., [59, [61] [62] [63] [64] ). The review by Fassnacht et al. [55] mentioned above shows that the application of multi-temporal hyperspectral data with the aim of improving classification results has rarely been examined. According to these authors, multi-temporal hyperspectral data sets may only be of scientific interest at present, as the costs and effort connected with the acquisition and processing of multiple hyperspectral data sets (the 'big data problem') are not likely to justify the achievable gain in accuracy from a practitioner's perspective. In terms of the practical application of hyperspectral data in monitoring the succession process in non-forest Natura 2000 habitats, it is important to determine the optimal date for acquiring remote sensing data. The optimal date is the one on which a high accuracy of delineation can be obtained for as many species as possible of succession trees and shrubs. Defining the optimal data acquisition period is therefore of key importance for the implementation of hyperspectral remote sensing data in the operational monitoring of the status of Natura 2000 natural habitats.
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The objectives of this study were: (1) To analyse the impact of the remote sensing data acquisition date on the effectiveness of classification of individual species of succession trees and shrubs; and consequently (2) to indicate the most favourable date for collecting this data; and (3) to show whether the classification accuracy of a given species is dependent on the research area, and the analysed habitat.
Study Areas
For the study presented here, we selected five Natura 2000 sites in Poland: The Biebrza River Valley (BI), the Lucynów-Mostówka Inland Dunes (BU), the Nidziańska Refuge (NI), the Krasna Valley (KR), and the Janowskie Forest Ranges (LJ) (Figure 1 ).
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The BI study area is located in north-eastern Poland, on the North Podlasie Lowland. It occupies part of a vast plain of fen mire located in the southern part of the Biebrza ice marginal valley, near Szorce, at an altitude of about 100 m above sea level. Most of the area is covered by sedge and sedge-moss peat deposits up to 2 m thick. In the western part of the area, there are small sandy hillocks with relative altitudes not exceeding 2-3 m. Various forms of alkaline fens predominate among vegetation types, often with species of tall sedge communities and a significant share of reed rushes. Forest and shrub communities occurring in the area are dominated by Alnus glutinosa and/or Betula pubescens, and to a lesser extent Salix cinerea, Salix aurita L. and Salix rosmarinifolia (five species-promoters of succession). end of the Pińczów Hump [66] . Three woody species have been identified as promoters of succession: Pinus sylvestris, Prunus spinosa and Rosa canina L. However, the diversity of trees and shrubs colonising the xerothermic grassland is much larger; in addition to the aforementioned species, common ones are Cornus sanguinea, Rhamnus cathartica, and species of the genus Crataegus and the invasive alien species Robinia pseudoacacia L.
Source Data

Remote Sensing Data
Five different data sets were used in the experiment, one for each study area described above. Remote sensing data were acquired three times during the growing season of 2017, referred to here as spring (C1), summer (C2) and autumn (C3). Thus, the data set for each study area included three analogous collections of data. The only exception was the BI area which lacked autumn (C3) acquisition due to the hyperspectral sensors' failure. This schedule was used with the aim of acquiring data characterising the vegetation at various phenological phases, thereby enabling us to determine the differences in the accuracy of species differentiation, and finally to assess which is the most favourable. All dates for data acquisition are presented in Table 2 . Data collected during each flight campaign included high-resolution hyperspectral imagery and fullwave LiDAR data, acquired simultaneously from the common, specially prepared aerial platform, which was built as part of the HabitARS project by the MGGP Aero company. Acquiring both data types at the same time allowed us to avoid problems resulting from changes in vegetation cover due to plant growth, phenology and various human activities, and therefore facilitated subsequent data fusion [67] . Technical parameters characterising the sensors and both data types are shown in Table 3 . In addition to the phenological phase, the specific weather conditions also influence the vegetation growth (both analysed and background) and the state of its surroundings (e.g., the soil). These properties determine the character of the acquired remote sensing data, and therefore affect the possibility of differentiating species based on their use.
In 2017, weather conditions in Poland were characterised by strong variability, and included the occurrence of numerous extreme phenomena (local floods in May, and severe heat waves, storms, extreme rainfalls and local whirlwinds in summer). In general, 2017 was warmer and more humid than the average conditions between 1971 and 2000. The air temperature was higher by about 1-1.5 • C, and precipitation was about 120-160% of the average level between 1971 and 2000 [68] . Spring and summer were particularly warm, and were hotter by about 1 • C-1.5 • C and 1.5 • C-2.5 • C, respectively. The total rainfall was especially high (150-300% of the average between 1971 and 2000) in north-eastern, eastern (BI and BU research areas), central and south-central parts of Poland in March and April and in September. From May to July, rainfall reached only 50-70% of the norm in south-central part of Poland (KR, LJ and NI research areas). These weather conditions contributed to a small increase in the speed of the vegetation growth, especially in spring.
Field Data
The aim of collecting the field data was to create reference sets for the classification of the tree and shrub species present in each research area. Field measurements were made for each study area in 2017 at the peak of the growing season, as species recognition is not problematic at this time.
The collected data included both species perceived as succession and others present in the study areas. We decided to implement classification-method in which every pixel of an image is assigned to one of the predefined classes (described in detail in 4.6)-rather than detection-procedure enabling to determine which pixels of an image are similar to the reference spectra-is a method of distinguishing between species. Therefore, reference spectra for other species were necessary to determine the spatial extent of species forming the succession process.
Geolocation of each spatially isolated specimen -in the future to be used in order to select the reference pixels of remote sensing data forming the reference polygons -was determined using a GPS Mobile Mapper 120 with a real-time differentially corrected global positioning system (DGPS) and a measurement accuracy of up to 0.2 m. In addition to the location and species identification, all measured objects were also characterised by other attributes, e.g., the object's height, crown density, crown radius, level of discolouration, level of defoliation and neighbouring vegetation type. These descriptive attributes were later used in the process of creating reference polygons (described in detail in 4.4). The field data were collected in different parts of the research areas, thus ensuring diversity in respect to key parameters characterising the research objects, such as their heights or crown radii. This approach guaranteed the diversity of both future training and validation sets, enabling us to produce accurate classifications.
Methodology
Overview
The methodology of the experiment was based on a combination of high-resolution aerial remote sensing data and the use of a machine learning algorithm, and included the processing of each collection of remote sensing and field data according to the steps outlined in Figure 2 . At the end of this work, the results obtained for each research area were examined in order to draw conclusions on the most favourable collection (data acquisition time).
The processing scheme started with a feature extraction step in which the pre-processed remote sensing data (hyperspectral true-ortho mosaic and LiDAR data) were used in order to derive useful, informative products (described in 4.2 and 4.3). At the same time, DGPS field measurements were also transformed into reference polygons using a semi-automatic algorithm developed by the authors and Remote Sens. 2019, 11, 2629 9 of 36 remote sensing data (described in 4.4). In the next step, a feature selection algorithm was applied to the obtained remote sensing products and reference polygons in order to determine the optimal set of features to be used at the classification stage (described in detail in 4.6). Using the image resulting from the classification step and the product of delineating the succession in an area (described in 4.7), the classification image was postprocessed by limiting the results to the extent of the trees and shrubs. In the next step, the accuracy of the product was assessed by combining the validation polygons with the obtained classification image, and the accuracy report was then analysed in parallel with species separability graphs, created using a t-distributed stochastic neighbour embedding (t-SNE) algorithm [69] (described in 4.5 and 4.8).
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The pre-processed data obtained from the data provider in the form of true-ortho mosaics were then used in the feature extraction step. Minimum noise transform (MNF) products [73] were calculated based on all spectral bands, and those that were characterised by low levels of noise and high information content were chosen, reducing the dimensionality of the dataset to about 15-20 components. Specific spectral bands were also used to compute a set of 65 vegetation indices, including the following vegetation categories: Broadband greenness, narrowband greenness, canopy water content, canopy nitrogen, dry or senescent carbon, leaf pigments and light use efficiency. Both feature extraction methods have been shown to be highly effective in research studies of species differentiation [55, [74] [75] [76] [77] .
LiDAR Data Processing
The classifications carried out in this experiment were not only based on the hyperspectral data, but also on some additional raster layers derived from LiDAR data ( Table 4) . These features were derived from point clouds, which at the beginning were classified into three classes: Ground (classified using TerraSolid software with Axelsson's algorithm [78] ), vegetation and unclassified (including all points that were not ground or vegetation). Features were then calculated from the point clouds and rasterised with OPALS software [79] .
The features derived from LiDAR data could be divided into three groups. The first group of products included features derived from two raster layers (DTM and DSM): The slope, exposition, roughness (sigmaZ) and one additional feature (topographic position index) calculated from the DTM only. The second group of features was derived directly from the point clouds, and consisted of the statistical values of the normalised height of the points, the amplitude of each echo (from full-wave signal decomposition using Riegl's software), the geometrically based echo ratio parameter [80] and a simple point density. The features in the second group were derived in a few variants: from points in the vegetation class (VEG), from points in the ground class (GRD), or from points in both of these classes (ALL), according to the idea underlying BCAL software [81] . The third group of features was directly connected with the vertical distribution of points, and contained three point-based indices: total vegetation density, vegetation cover and interquartile range of height (IQR) [82] . 
Reference Data Preparation
The reference polygons were created using a semi-automatic algorithm developed by the authors. The procedure started with the reclassification of an nDSM in order to separate high objects or groups of high objects. High anthropogenic objects were then excluded using an NDVI index raster, leaving only vegetation. In the next step, the layer obtained in this way was combined with botanical field data, which enabled us to determine the spatial relationship between each point (field measurement) and tree/shrub objects present nearby. In the final step, the obtained tree and shrub reference objects were subjected to pixel-level analysis. The spatial extent of each polygon was limited in order to remove the boundary and mixed pixels, and therefore to create pure spectral signatures.
For all three collections of remote sensing data, reference sets were generated separately from the same set of field measurements. This was necessary, because of phenologically induced changes in vegetation, and consequently differences in the outlines of the research objects in the airborne data. As a consequence of these phenologically induced changes, a different number of reference polygons was created for each of the three data collections for a given area. These minor differences arose from the fact that small trees and shrubs (approx. 1 m in crown diameter) were not fully formed in the data because of their size, and as a result lacked reference polygons in some collections. To ensure the comparability of the three classification products obtained for each research area, the common parts of all reference polygons were selected and each object was assigned a specific role (training or validation) in each draw using stratified random sampling approach in which each stratum was defined as a group of specimens of the same species (being equivalent to a class in the described classification process) and similar height and crown diameter characteristics. The described sampling was done six times and each time the resultant role of a specimen-training or validation-was preserved when classifying each of three data collections. This way the accuracy assessment metrics obtained for different collections could directly be compared. The final numbers of reference polygons created for each research area are presented in Table 5 . 
Reference Data Analysis
Pixels forming the reference polygons were analysed using the t-SNE algorithm [69] . Due to the well-known 'curse of dimensionality', it is very hard to effectively understand or visualise high-dimensional data sets. t-SNE is a dimensionality reduction method that is often used to reduce high-dimensional data to only two or three components that are suitable for visualisation. In contrast to other dimensionality reduction algorithms (such as PCA and many others), t-SNE was designed and tuned specifically with the goal of creating good visualisations; it is very effective in preserving local (high-dimensional) structure, which makes it an effective tool for visual dataset analysis by human experts. The algorithm transforms a high-dimensional data set into a low-dimensional one (in visualisation applications, only two or three components are typically used), and visualises it using a scatter plot in which each data point is coloured according to the target label. The relative distances on the plot are believed to closely represent the distances between data points in the original, high-dimensional data set. These very beneficial aspects of using of t-SNE as a visualisation method support the exploratory analysis of a high-dimensional data set.
In this work, visualisations generated with t-SNE were analysed to determine which samples belonging to different classes (i.e., species) were spectrally separated, which were similar, and which tended to mix with each other in the space defined by all of the generated raster products. An analysis of the visualisations enabled us to obtain a great deal of detailed insight, as many interesting aspects of the dataset became clearly visible, such as the number of clusters formed by data points, the sizes of the clusters, and their positions relative to other neighbouring clusters.
Feature Selection and Classification
One of the pre-processing steps carried out before classification was feature selection, which was applied to all remote sensing raster products-MNFs, vegetation indices and LiDAR-based products. The goal of the feature selection procedure was to analyse all features and determine their usefulness in the classification in order to leave only the meaningful features (e.g., those that actually help the classifier to discriminate between the classes) and to remove any features which are not helpful in the classification task. Optimised sets of features tend to improve classification accuracies, give models that generalise better, improving processing times, and supporting better understanding of the whole process [83] .
The method used in this work was Recursive Feature Selection based on random forest feature importance estimates, which is considered a wrapper selection method (because every set of features is fully evaluated by performing a classification task), and also belongs to embedded methods (because it relies on variable importances internally calculated by decision tree classifiers [84] . The algorithm works by learning a sequence of random forest models, starting with the full set of features. After each model is learned, the variable importance metric (evaluated internally by random forest) is analysed, and the feature (or a small number of features) with the lowest importance score is eliminated from the set. Such a smaller set of features is subsequently used to learn another model. The procedure is repeated until most of the unimportant features are eliminated, which can be detected by observing a sharp drop in accuracy caused by eliminating the important features.
Pixel-based classifications were carried out using a random forest classifier [85] , reference polygons and the subset of raster layers optimised by feature selection. Finally, the classifications were the subject of postprocessing, in which the final spatial extents of species were determined using the succession delineation products.
For each collection (i.e., for each research area and acquisition time), six separate classifications were carried out. Six different 50/50 training/validation splits were prepared within the reference sets for each study area and applied to all three data collections. Using the same configurations of reference polygons ensured the comparability of the results obtained for different collections. Moreover, preparing six products for each collection enabled us to assess the stability of the resulting map products and their accuracy.
Masking
A succession vegetation delineation mask was needed to limit the species classification results to the correct spatial extent. The mask layer was obtained by determining the outline of high and medium vegetation (mainly trees and shrubs) and then excluding forests areas from this outline using ALS data.
The proposed workflow consisted of three stages: firstly, all pixels characterised by heights above the ground of more than 0.7 m were delineated based on a normalised digital surface model (nDSM); forest areas were then excluded; and finally spectral information (normalised difference vegetation index, NDVI) was used to remove non-vegetated areas (e.g., rocks and small anthropogenic objects). The nDSM was created using a digital surface model (DSM) max raster containing the maximum height from the point cloud for each pixel; this meant that the final product contained even very small (single-pixel) shrubs that were characterised by a few points in the LiDAR data. However, since the resultant outline layer was not divided into single objects with a segmentation algorithm, it could not be directly used as a source of the polygons needed to create the reference polygons.
Accuracy Assessment and Analysis of the Results
An accuracy report was generated for each single classification product. This included a set of F1-scores characterising the accuracies for the species (i.e., classes), and the Cohen's Kappa value describing the overall classification [86, 87] . The averages of these statistical measures were then calculated for each collection, i.e., the averages of the six results.
In the next step, these values were analysed. The accuracies obtained for each set of three collections for a given area were first compared. Both the Kappa values and F1-scores were examined in order to assess the influence of the acquisition time on the accuracy of species discrimination. t-SNE graphs were also analysed, which enabled us to delve more deeply into the separability of species and thus the factors underlying the obtained accuracies. In addition to a comparison of the collections, the differences in the accuracies obtained for each species in a given area were analysed, as were the results achieved for the various research areas. These investigations allowed us to identify certain specific patterns, and later served as a basis for botanical interpretations. In the last step of the analysis, the areas occupied by the different species present in a given research area were examined. The research was particularly focused on discovering the differences in the spatial extents of the species within the three time periods (i.e., acquisition times), in order to determine the scale of influence the time period has on this aspect. Figure 3 presents the results of the t-SNE algorithm for each research area and data acquisition date analysed. Regardless of the study area, it can be observed that the separability level characterising the pixels forming the reference polygons for the individual species was different for the three data acquisition times analysed. Since the t-SNE analysis was prepared using both hyperspectral (MNF products and vegetation indices) and LiDAR data products, it can be observed that for most of the species, the pixels representing them were divided into a few groups characterised by similar spectral and geometric characteristics.
Results
Results of Implementation of the t-SNE Algorithm
The results of the t-SNE analysis obtained for the BI research area using spring (C1) and summer (C2) data both show that a proportion of the pixels share similar features. When analysing the separability of individual species, it was noted that better classification results of Alnus glutinosa (shown in orange in Figure 3 ) are expected to be obtained using the summer (C2) data than when using spring (C1) ones. On the other hand, the classification accuracy of Betula pubescens (shown in red in Figure 3 ) and Salix spp. (shown in green in Figure 3 ) is expected to be similar regardless of the data acquisition time.
From the t-SNE results obtained for the BU research area using the spring (C1) data collection, it can be observed that individual species demonstrate a high level of separability. Only Betula pendula (shown in red in Figure 3) is not fully separable, which can lead to a low classification accuracy and mixing with Populus tremula (shown in olive in Figure 3) and Prunus serotina (shown in pink in Figure 3 ). Additionally, a lower level of separability for Betula pendula, and mixing of pixels representing all species can be observed for t-SNE results prepared using summer (C2) and autumn (C3) data. This may lead to lower classification accuracies compared to those for spring (C1) data.
In case of the KR research area, the results of t-SNE analysis show that the highest separability between species was achieved using the autumn (C3) campaign data. The smallest homogeneity of all the analysed species was found for Betula pendula (shown in red in Figure 3) and Frangula alnus (shown in blue in Figure 3 ). T-SNE graphs obtained using data acquired in spring (C1) and summer (C2) show that only a proportion of the reference pixels are characterised by a high homogeneity level, and that separability of individual species is lower than for the autumn (C3) data.
The results of a t-SNE analysis for the LJ research area show that the highest separability between species was achieved using the spring (C1) data, and it was expected that the highest classification accuracy would also be obtained for this data. Most of the reference pixels of Quercus robur (shown in violet in Figure 3) , Pinus sylvestris (shown in green in Figure 3) and Populus tremula (shown in blue in Figure 3 ) form clearly distinguishable groups with similar spectral and geometrical properties. The species that stands out is Betula pendula (marked in red in Figure 3 ), which is characterised by the lowest homogeneity and separability.
The highest homogeneity and separability of the species present in the NI research area was found for Robinia pseudoacacia (shown in magenta in Figure 3) , and especially in the graphs prepared using summer (C2) and autumn (C3) data. It can therefore be expected that a high classification accuracy could be obtained using these data for this species. Moreover, relatively high levels of homogeneity and separability were also obtained for Cornus sanguinea (shown in orange in Figure 3) , Prunus spinosa (shown in green in Figure 3) and Pinus sylvestris (shown in dark green in Figure 3 ) using the summer (C2) and autumn (C3) campaign data. On the other hand, the lowest separability was found for Rhamnus cathartica (shown in yellow in Figure 3 ) and Crataegus sp. (shown in light orange in Figure 3) . It can also be observed that the biggest mixing of the reference pixels of different species was found in the graphs prepared using spring (C1) data; only a certain proportion of the reference pixels of Robinia pseudoacacia, Pinus sylvestris, Prunus spinosa and Cornus sanguinea formed groups with similar spectral and geometrical properties. 
Results of Accuracy Assessment
The highest classification accuracy for succession species was obtained for the KR research area, using data acquired in autumn (C3). The variation in the average values of Cohen's Kappa coefficient for the autumn campaign (C3) was between 0.65 for the LJ research area and 0.85 for the KR research area; for the summer campaign (C2), this was between 0.61 for the LJ research area and 0.81 for the BI research area; and for the spring campaign (C1), this was between 0.52 for the NI research area and 0.79 for the BU research area (Figure 4) . Relatively large variations between acquisition dates were observed in the average value of Cohen's Kappa coefficient for the KR, LJ and NI research areas, while lower differences were found for the two remaining areas, BI and BU. It can also be observed that in most cases, the standard deviation of the Cohen's Kappa coefficient obtained for different dates and study areas was almost the same, at between 0.03 and 0.04. The only exceptions (slightly higher deviations) were seen in the summer (C2) data for the BU (0.07) and LJ areas (0.06), and in the autumn data (C3) for the LJ area (0.09).
The most accurate classification of the NI research area was obtained using the C3 data, for which the Cohen's Kappa value was 0.73 ( Figure 4 ). This result was determined by the relatively high classification accuracies of the broadleaved species, and in particular Prunus spinosa (F1 = 0.86), Robinia pseudoacacia (F1 = 0.83) and Cornus sanguinea (F1 = 0.86) ( Figure 5 ). Rhamnus cathartica and Crataegus sp. on the other hand, did not achieve high F1-scores in any of the collections. The highest classification accuracy of Crataegus sp. (0.50) was obtained using data acquired in C1. The results of the accuracy assessment show that the lowest Cohen's Kappa value (0.52) was obtained for classification of the C1 collection of the NI research area (Figure 4 ). For this data collection, the highest F1-scores were achieved for Pinus sylvestris (0.75), Prunus spinosa (0.71) and Robinia pseudoacacia (0.65) ( Figure 5 ). All of the other species present in the NI research area were classified with lower accuracies, characterised by F1-scores ranging from 0.37 to 0.59. Pinus sylvestris, the only coniferous species analysed in this area, was classified with approximately equal accuracy using all data collections, and had F1-scores ranging from 0.74 to 0.78 ( Figure 5 ).
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Comparison of the Extent of Species in Different Seasons
The obtained results also showed the area occupied by trees and shrubs forming the succession process in each study site ( Table 6 ). As one aspect of our research, we determined the parts of succession area in which the same species were identified in all three classifications prepared using different data collections. We present this information in Figures 6-10 , in which the areas of agreement are marked with the colour of the appropriate species and the areas of disagreement between the classification results are marked in pink. Figure 6 . Locations of agreement and disagreement between classifications prepared using C1, C2 and C3 data collections for the BI research area. CHANGE-areas where different species were identified in the two analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in the two classifications. Figure 6 . Locations of agreement and disagreement between classifications prepared using C1, C2 and C3 data collections for the BI research area. CHANGE-areas where different species were identified in the two analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in the two classifications.
The results of comparative analysis show that only on about 32-36% of area occupied by succession, the same species were identified regardless of the data acquisition time. A comparison of the results of the classifications from two different dates shows that species compliance ranged from approximately 44% to 69%. Figure 6 . Locations of agreement and disagreement between classifications prepared using C1, C2 and C3 data collections for the BI research area. CHANGE-areas where different species were identified in the two analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in the two classifications.
Figure 7.
Locations of agreement and disagreement between classifications prepared using C1, C2 and C3 data collections for the BU research area. CHANGE-areas where different species were identified in the three analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in all three classifications. Locations of agreement and disagreement between classifications prepared using C1, C2 and C3 data collections for the KR research area. CHANGE-areas where different species were identified in the three analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in all three classifications. Figure 8 . Locations of agreement and disagreement between classifications prepared using C1, C2 and C3 data collections for the KR research area. CHANGE-areas where different species were identified in the three analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in all three classifications.
Figure 9.
Locations of agreement and disagreement between classifications prepared using C1, C2 and C3 data collections for the LJ research area. CHANGE-areas where different species were identified in the three analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in all three classifications.
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Of the three species classified in the BI area, Alnus glutinosa had the lowest accuracy (F1 = 0.76 in C1 and F1 = 0.81 in C2, Figure 5 ), and this may be connected with the morphological variability of this species. In spring, the leaves of these specimens are formed relatively late, which may lead to the lower F1-score achieved for this collection (C1), compared to summer acquisition (C2). At the same time, the leaves of Alnus glutinosa remain on the trees for a long time, favouring late summer and autumn acquisition dates, also in adverse atmospheric conditions. The F1-score obtained for Alnus glutinosa for the late spring data collection (C1) may also be lower than the scores achieved Figure 10 . Locations of agreement and disagreement between classifications prepared using C1, C2 and C3 data collections for the NI research area. CHANGE-areas where different species were identified in the three analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in all three classifications.
Discussion
Influence of Acquisition Date on the Classification Results
BI Research Area
Of the three species classified in the BI area, Alnus glutinosa had the lowest accuracy (F1 = 0.76 in C1 and F1 = 0.81 in C2, Figure 5 ), and this may be connected with the morphological variability of this species. In spring, the leaves of these specimens are formed relatively late, which may lead to the lower F1-score achieved for this collection (C1), compared to summer acquisition (C2). At the same time, the leaves of Alnus glutinosa remain on the trees for a long time, favouring late summer and autumn acquisition dates, also in adverse atmospheric conditions. The F1-score obtained for Alnus glutinosa for the late spring data collection (C1) may also be lower than the scores achieved for the summer (C2) and autumn (C3) data due to the interplay between the analysed species and the surrounding vegetation types, which are tall herb communities and tall sedges. At the end of June, these vegetation types were fully developed, and thus reached maximum plant coverage.
Similarly high classification accuracies were obtained for the summer data collection (C2), for the remainder of the species present in the BI research area. The crown densities of both Salix spp. and Betula pubescens were approximately the same for all data acquisition times, and there was therefore no factor which could affect their differentiation. On the other hand, the high (0.90-0.91) and stable F1-scores obtained for Salix sp. may be the result of aggregation of three species (Salix cinerea, Salix aurita, Salix rosmarinifolia) into one class.
BU Research Area
The best differentiation of Pinus sylvestris in the BU research area was achieved using data acquired in spring (C1), for which the F1-score reached a value of 0.90. This is also indicated by the results of the t-SNE analysis (Figure 3) . The F1-score obtained using summer (C2) data was significantly lower at 0.63, and this can be explained by the fact that Pinus sylvestris is strongly contrasted with the surroundings, where heather often dominates. This contrast is most distinct in spring, while in summer it decreases due to an increase in heather growth. The lower accuracy (and the higher standard deviation of the F1-score) obtained using data acquired in the summer (C2) may also partly be the result of the similarity between the spectral characteristics of small Pinus sylvestris specimens and heather. In the autumn (C3), the contrast between Pinus sylvestris and the surroundings was higher than in the summer, which can be attributed to the blooming of the heather, discolouration and subsequent withering of the grass, and the loss of leaves from deciduous trees and shrubs. As a result, the differentiation of all Pinus sylvestris specimens, including smaller ones, was relatively good in the autumn, as expressed by an F1-score of 0.78.
The autumn discolouration of leaves of Populus tremula did not highly alter the appearance of this species. Nevertheless, this change may have contributed to the slightly higher accuracy obtained using autumn data collection (C3) compared to the other data acquisition times, despite the relatively large loss of leaves and the lower crown densities observed for Populus tremula at that time. Additionally, this species is characterised by high morphological variability, which can also explain the relatively low accuracy of this species compared to the others present in the BU research area; the F1-score achieved for Populus tremula was 0.69 for the C2 data collection, while for Betula pendula this was 0.78 and for Prunus serotina, 0.91 ( Figure 5 ). The accuracy assessment report of the BU autumn (C3) data classification also highlights the relatively low accuracy obtained for Betula pendula, as the F1-score was 0.69. This can be explained by the fact that the analysed species was present in several different types of habitats, from very dry to wetter ones. The humidity strongly affects the phenological changes: in dry habitats, trees lose their leaves and discolour faster than in wet habitats. This kind of situation leads to a higher interspecies differentiation and therefore a more difficult classification problem.
In the BU research area, Prunus serotina was classified with high accuracy in all collections of data ( Figure 5) , with F1-scores of 0.92, 0.91 and 0.89 for spring (C1), summer (C2) and autumn (C3) acquisition times, respectively. These results can be explained by the various properties that clearly differentiate this species from the others present in the BU research area; in spring, it blossoms, while in summer it has a high crown density, and in autumn the leaves undergo noticeable discolouration. It is also important to stress that the measured specimens of Prunus serotina over the whole season significantly differed from the surrounding land cover.
KR Research Area
In the case of the KR research area, the highest value of Cohen's Kappa coefficient was obtained in autumn (C3). These data were acquired as the last ones from all analysed areas, i.e., deciduous trees and shrubs were characterised by a significant degree of leaf discoloration, which in turn influenced the better separability of individual species (Figure 3) . A relatively low accuracy of classification (as measured by the F1-score) was only found for Frangula alnus, and a slightly higher standard deviation of the F1-score was also noted. However, shrubs of this species have a loose crown, meaning that the spectral response from the pixels representing them is also adulterated by the information coming from the ground or vegetation growing below. This species was classified with the lowest accuracy in the summer campaign (C2), when the accompanying vegetation was fully developed and had a stronger impact on the spectral response recorded in the pixels. In addition, drought may have occurred locally in the summer, causing partial leaf fall and further intensifying the impact of the surroundings on the spectral value of the pixels representing Frangula alnus. A similar situation can be observed in the case of Betula pendula, which is also characterised by a loose crown. The lower homogeneity compared to the other species is visible on the t-SNE graph (Figure 3) .
The relatively small difference in the values of the F1-scores obtained for Betula pendula, Pinus sylvestris and Salix aurita can be explained by the fact that remote sensing data of the spring campaign (C1) were acquired relatively late (2 June) and the differences in the vegetation observed between this period and the summer campaign (C2) were not very significant. Vegetation in both campaigns was well developed, and this was caused by weather conditions that were warmer and more humid in the spring and warmer in the summer compared to the average between 1971 and 2000.
LJ Research Area
The best classification results for the succession species present in the LJ research area were obtained for the spring (C1) data. This was as expected on the basis of the t-SNE graph analysis (Figure 3) . The lowest Cohen's Kappa coefficient was obtained for the summer period (C2), which results from the lower homogeneity and separability of the species compared to the other periods, as can be observed in Figure 3 . These results may be due to changes in either the stage of development of the surrounding vegetation or the level of discoloration of deciduous leaves.
In all cases, Betula pendula was classified with the lowest accuracy, from 0.52 for the C2 data to 0.61 for the C1 data. The reason for this may be the specificity of this species, which is characterised by a relatively low crown density, meaning that the spectral response from the pixels representing this species is also affected by the surroundings and the vegetation growing below. In summer, the influence of the accompanying vegetation is likely to be even greater, resulting in a lower homogeneity of the Betula pendula reference polygons (Figure 3 ). This is also visible in the stability of the obtained classification results, as the standard deviation of the F1-score was 0.10. The highest stability, regardless of data acquisition time, was found for Quercus robur, which can be attributed to the specificity of this species; the dense crown gives rise to more spectrally pure reference polygons. The exceptions in this case are only the very young specimens.
NI Research Area
The NI research area is strongly diversified in terms of the tree and shrub species occurring there, which are mainly deciduous species. The high accuracies and hence the precise delimitation of species for the NI area using the autumn campaign (C3) data are likely to be the result of leaf discolouration, which affects their separability. This is also confirmed by the results of the t-SNE analysis. The highest F1 values were obtained for those species that were characterised by good separability. It should however be noted that for most of the species present in the analysed area, the F1-score was rather variable, and the standard deviation obtained for Pinus sylvestris, Robinia pseudoacacia and Crataegus sp. was 0.06.
The extremely low classification accuracy obtained for the NI area using spring (C1) data can be explained by the fact that a wide variety of broadleaved species are present in the area, and in spring (C1) their crown foliage density was not high, especially since the remote sensing data for NI were acquired much earlier than for the other areas. As already mentioned, this phenomenon may have influenced the accuracy of classification of the analysed trees and shrubs. The high classification accuracy of Crataegus sp. (0.50) obtained using data acquired in spring (C1) was probably connected with blossoming.
The low accuracy of classification of Rhamnus cathartica and Crataegus sp. may be related to the similarity between the spectral characteristics of these species and others growing in dry grasslands. Additionally, both species were characterised by relatively small leaves and loose crown leafage, causing the spectral signal to be mixed with the signal from the background. It is also likely that the specimens of the two species were attacked by fungi, and were therefore losing their leaves relatively quickly, with almost no leaves present in autumn. Table 6 shows that in about 32-36% of the area occupied by trees and shrubs, the same species were identified regardless of the data acquisition time. The highest degree of agreement between the three classification results was found for the LJ research area. For this study area, a relatively high degree of pairwise agreement was also observed of 51.9%, 53.0% and 57.2% for spring (C1) and summer (C2), summer (C2) and autumn (C3), and spring (C1) and autumn (C3), respectively. The lowest degree of agreement between the different classification results was observed for the NI research area (Table 6) , and this can be attributed to the huge variety of tree and shrub species present in the area. In addition to the six succession promoter species analysed here, there were more than 20 other species of trees that could have induced variability in the maps created using data acquired on different dates.
Comparative Analysis of Species' Extent in Different Seasons
BI was the only research area for which only two rather than three collections of remote sensing data were available. The two classification results obtained were characterised by a high degree of agreement (66.8%). This can be explained by the relatively small number of species present in the area, and the similarity of the appearance of the research objects on two acquisition dates (fully developed tree and shrub crowns). The disagreement between the classification results may have been influenced by the phenological changes in the surrounding vegetation types, i.e., reedbeds, sedge and tall herb communities.
All of the research areas analysed here differed in terms of their characteristics as well as in the composition of tree and shrub species. A detailed investigation of the agreement between the classification results obtained using different data collections and for various Natura 2000 habitats indicated that Pinus sylvestris was the species with the most stable spatial extent. These findings can be attributed to the fact that Pinus sylvestris is a coniferous species, and changes little throughout the growing season. The spatial extents of the broadleaved species were substantially more dependent on the data collection used to provide the classification product. In the case of BI (a wetland research area), the highest degree of agreement between the different classification results was found for Alnus glutinosa and Betula pubescens, while the lowest was seen for Salix spp. The lower performance for Salix spp. can be explained by the characteristics of its occurrence in the BI study area, such as the influence of the co-occurring vegetation types and their structure: small willow shrubs were growing between tall sedge clumps, or were being overgrown by tall herb or reed communities. The results obtained for the LJ research area, which included heaths, indicated that the highest stability of the spatial extent was found for Pinus sylvestris and Betula pendula, and the lowest stability for Quercus robur. The specimens of Quercus robur were small, and their characteristics in the remote sensing data were therefore highly influenced by the surrounding vegetation and its phenological changes. Similar observations could be made regarding the agreement between classifications prepared using different collections of data for Pinus sylvestris and Betula pendula in the KR research area. In this study site, the spatial extent of Frangula alnus and Salix spp. showed the strongest dependence on the data collection used.
An analysis of Figures 6-10 and Figures A1-A4 in Appendix B allow us to conclude that the discrepancies between classification results were primarily related to smaller trees and shrubs or groups (in all study areas), and other species characterised by low crown density such as Frangula alnus, Betula pubescens, Betula pendula and Populus tremula. Apart from these specimens, discrepancies were also identified at the borders of tree and shrub clumps (groups), thus demonstrating the influence of the surroundings. This is a well-known problem of so-called mixed pixels, which in this case involves a mixture of the analysed species and the background vegetation types, e.g., tall herb communities, sedge communities, reed beds or heath. The discrepancies in the classification results were also related to the less frequently occurring species that were outside of the scope of the research, for which reference data were not collected, and which were often present outside the borders of the Natura 2000 habitats. This type of discrepancy was especially noticeable in research areas characterised by a high variety of broadleaved species e.g., KR or NI. In the case of the KR research area, it was also seen, that the classification results for Frangula alnus in the C1 (spring) and C3 (autumn) campaigns showed big agreement ( Figure A3 in Appendix B), while comparing the results for the campaign pairs C1 (spring)-C2 (summer), and C2 (summer)-C3 (autumn) this agreement was much weaker. This is the result of lower classification accuracy for the summer campaign (C2) ( Figure 5 ). And this was due to the significant impact of the surrounding-well-developed herbaceous plants, in this period-and its spectral response. In spring they were in the early stages of growing, and in autumn Frangula alnus, due to discoloration, stood out more strongly against the background.
Comparison of the Obtained Results with Previous Research Studies
The classification results for succession species obtained here were compared to those of previous research studies that were selected from the literature as representative. The most important features of these studies are presented in Table A1 (in Appendix A). It should be noted that although numerous research studies have been published on the topic of species classification, they mostly concern forest environments rather than agricultural areas described in this study, and cover all types of climatic zones, including some that are very different from those in Poland, e.g., the tropics. In this comparative analysis, we therefore primarily examined forest research studies carried out in Europe. For this reason, it should be borne in mind that the research objects and related challenges may be rather different from those of the present study. Finally, it should also be noted that a variety of statistical measures were used in the analysed articles, making a comparison more difficult. For this reason, the F1-score was also calculated by the present authors for those studies in which the necessary statistical measures were available.
Based on the information presented in Table A1 (in Appendix A), it can be observed that the acquisition dates of the data used by these different authors cover almost a whole growing season, i.e., from May to October. This indicates that the best date for differentiating tree and shrub species has not yet been determined, and proves that the present research is valuable. Moreover, it should be noted that in most studies, airborne rather than VHR satellite data were used; this can be attributed to the low availability of satellite imagery characterised by high spatial and spectral resolutions that is required for this kind of research. In some of these studies, only spectral (multispectral or hyperspectral) data were used, while in the remainder LiDAR or other geometry-related information was included. It can also be seen from Table A1 (in Appendix A) that many different classifiers were used for species differentiation, such as support vector machines, random forest and neural networks.
The classification accuracies of succession species obtained by different authors varied, and were mostly average or high. Pinus sylvestris was classified with high accuracy in all studies, irrespective of the data acquisition time, similarly to the present study. The possibility of a highly accurate classification of Pinus sylvestris using spring data was also confirmed in all research areas in the current work. However, the accuracies obtained for Betula pendula were diverse, and are likely to be dependent on the character of the research area, the type and density of the forest stands, the remote sensing data acquisition time, and the classification strategies and algorithms used. The results obtained in the present research using spring data are similar (LJ area) or better (BU area) than those achieved by Trier et al. [46] . The F1-scores obtained in this research using summer data are similar to those of Immitzer et. al. [37] , and are poorer by 0.11-0.15 than those of Trier et al. [46] . This may be because the research of Trier et al. [46] concerned dense forest stands, while the present study involved smaller groups of threes or single specimens. Based on Table A1 (in Appendix A), it can be observed that Betula pendula was classified less accurately using early September data than using the other data sets, both in this research and in the study of Raczko and Zagajewski [88] . Slightly better results for classification of this species were obtained by Wietecha et al. [89] using data acquired in August. Alnus glutinosa was characterised by a range of different accuracies that were dependent on the acquisition time of the data. It can be seen from Table A1 (in Appendix A) that data acquired in autumn did not enable high classification accuracies to be obtained for this species [64, 90] . This could not be confirmed in the current study due to the unavailability of suitable autumn data; however, the results obtained for other acquisition times conform to those achieved in the present research. The classification results obtained using summer campaign data were slightly better than those achieved by Richter et al. [64] (F1-score 0.03 higher) and Wietecha et al. [89] (F1-score 0.14 higher). The classification accuracies obtained in this research for Quercus robur are also comparable to those achieved by the other authors [37, 56, 91] . Only Wietecha et al. [89] achieved higher values, using data acquired at a similar time (F1-score 0.1 higher), although it should be noted that their research concerned forest stands. The results of Richter et al. [64] are much lower (for both summer and autumn data collection); this is probably due to the spatial resolution of the data used (2 m rather than 1 m) or, in the case of the autumn data, by a spectral similarity to other species. No prior work was found in which this species was classified using spring data, which in the present research was shown to be the most favourable. This may be due to significant differences in spectral properties between this species and the others present in the LJ research area. The classification accuracies achieved for Populus tremula using summer and autumn remote sensing data are similar in the present research and in studies by the other authors [90, 91] ; however, based on the results of this research, it seems that spring is more favourable for classifying this species (F1-score approximately 0.1 higher than for other dates). The current study is the first to show this possibility. Comparable classification accuracies to those of the summer and autumn data collections reported in this study were also obtained for Robinia pseudoacacia by Dalponte et al. [48] using remote sensing data collected in late June. In the present research, the worst results were obtained using spring data, since the trees did not have fully developed leafage, and this in turn determined the lower homogeneity of their reference polygons.
In summary, we can conclude that the results obtained in the present research are similar or slightly better than those achieved by other authors, even though this study involved smaller research objects that are more difficult to classify.
Conclusions
In order to preserve the valuable resources (i.e., habitats and species) of the Natura 2000 areas, monitoring of these habitats and their threats needs to be conducted. An innovative approach to this monitoring is offered by the use of remote sensing data and state-of-the-art algorithmic techniques providing beneficiaries with a comprehensive approach covering all important aspects of the research phenomenon, a large scale of the study, as well as repeatable results based on clearly defined, precise measures and indices.
In this study, the influence of the date of remote sensing data acquisition on the possibility of differentiating succession species was assessed. The aim of the research was to identify whether it is viable to determine a single optimal time period for this goal, rather than carrying out several separate flights, as this would make the methodology more efficient and financially viable. It is worth mentioning that this kind of broad scale research, conducted over several research areas located in different parts of Poland, on three acquisition dates, has not previously been carried out. According to the literature review, it appears that so far no such studies have been carried out at the early stages of succession anywhere in the world, or for such diverse research areas, including different types of habitats.
Based on the results of the research conducted here, it can be concluded that the accuracy of classification of tree and shrub succession species is influenced by multiple factors. These include not only the remote sensing data acquisition time, but also the character of the analysed area, i.e., the diversity and types of deciduous tree and shrub species, the background vegetation types, and the abiotic (water and soil) conditions.
As shown in the study presented here, succession tree and shrub species can be classified with relatively high accuracy regardless of the time of acquisition of remote sensing data. It can however be observed that data collected in spring and autumn are slightly more favourable than data collected in summer for differentiation of most species, provided that the data are not acquired too early (before the full development of leafage) or too late (after the loss of leaves). This conclusion is valid for sites with similar climatic and habitat conditions to those analysed in our study. In the case of places located at the same latitude, but in different climatic zones with a different composition of species, it may be different. Nevertheless, in order to determine the optimal data acquisition time for given site, various factors should be taken into account. Firstly, the phenological cycle of the species present in the research area should be carefully studied, for example the dates of growth, flowering, leaf discoloration and loss characterising deciduous species, as well as the surrounding vegetation. The abiotic conditions influencing vegetation growth should also be taken into account.
The results of classifying succession species achieved in this study are similar or in some cases better than those reported by other authors, whose studies were mostly done in forest environments. However, the research conducted here also enabled us to highlight issues that should be investigated further in the future. Firstly, the correctness of the reference polygons, and therefore their homogeneity, as a crucial element of the classification process, should carefully be studied. Secondly, it should be determined whether the LiDAR data set, which is complementary to hyperspectral one, is necessary for species differentiation and whether the difference in accuracy achieved justifies the costs of acquiring the additional dataset. Finally, an analysis of the differences between the spatial extents of species obtained using data from different acquisition dates should be extended to single species, and the impact of the habitat type should be analysed. 
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C2-C3 Figure A1 . Locations of pairwise agreement and disagreement between classification results prepared using different data collections for the BU research area. CHANGE-areas where different species were identified in the two analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in the two classifications; PROTECTED HABITATS-a spatial extent of the protected habitats. Figure A1 . Locations of pairwise agreement and disagreement between classification results prepared using different data collections for the BU research area. CHANGE-areas where different species were identified in the two analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in the two classifications; PROTECTED HABITATS-a spatial extent of the protected habitats.
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C2-C3 Figure A2 . Locations of pairwise agreement and disagreement between classification results prepared using different collections for the KR research area. CHANGE-areas where different species were identified in the two analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in the two classifications; PROTECTED HABITATS-a spatial extent of the protected habitats. 
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C1-C3 Figure A3 . Locations of pairwise agreement and disagreement between classification results prepared using different collections for the LJ research area. CHANGE-areas where different species were identified in the two analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in the two classifications; PROTECTED HABITATS-a spatial extent of the protected habitats. 
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C2-C3 Figure A4 . Locations of pairwise agreement and disagreement between classification results prepared using different collections for the NI research area. CHANGE-areas where different species were identified in the two analysed classifications; NAME OF SPECIES-areas where the same (name Figure A4 . Locations of pairwise agreement and disagreement between classification results prepared using different collections for the NI research area. CHANGE-areas where different species were identified in the two analysed classifications; NAME OF SPECIES-areas where the same (name given) species was identified in the two classifications; PROTECTED HABITATS-a spatial extent of the protected habitats.
